Introduction
Alternative splicing is considered to be one of the major evolutionary mechanisms for expanding the diversity of the transcriptomes and proteomes of many, if not all, eukaryotic genomes. 1 For example, it is estimated that over two-thirds of the multi-exon protein-coding genes in the human genome undergo alternative splicing, 2, 3 with each gene producing at least two alternatively spliced transcript isoforms that may have related, altered or even contrasting biochemical functions. 4, 5 Interestingly, however, in the past decade, an in-depth study of the human transcriptome using next-generation RNA sequencing (RNA-seq) has raised the question of whether all of these alternatively spliced products actually encode functional proteins. [6] [7] [8] [9] To analyse functional genomic data and reduce computational complexity, each of the multi-exon protein-coding genes annotated in a given reference genome is generally assigned one of its alternatively spliced transcripts as its representative gene product. For the sake of simplicity, the longest transcript isoform of each alternatively spliced gene is typically used for analysis, although this safe selection is not always the best strategy. 10 By integrating eight annotation modules, the recent APPRIS system provides a reliable classification scheme for the transcript isoforms of the alternatively spliced genes in the human genome. 11 Meanwhile, APPRIS provides a ranking method that, for each protein-coding genes with alternative splicing, assigns one transcript to be the representative of the gene and denotes the transcript as the principal isoform of the gene. Overall, the principal isoform is the one with the main cellular function, which may manifest the characteristics of its 3D structural integrity, cross-species evolutionary conservation and the main cellular function. In addition, it largely overlaps with the dominant transcript in the expression profile. 12 Nonetheless, as we know, not all of the predicted genes with alternative splicing currently possess such diverse additional information mentioned above, for these genes (B15% in this study), it is plausible to select the longest isoforms as their principal isoforms. Due to its reliable annotation, APPRIS has also been utilised by many large-scale genome databases such as Ensembl 13 and GENCODE.
protein-coding genes using GENCODE (version 15) annotation and the APPRIS assignments for each protein-coding gene, we simply classify each of the gene's transcripts into one of the two categories: principal or non-principal isoforms. Our aim is to explore the genome-wide pattern of the genetic variation distributions between these two types of transcript isoforms, namely, the principal isoforms (PIs) and their counterparts-the non-principal isoforms (NPIs). We hope that our integrative analysis using an extended variation dataset, the more highly accurate gene models by GENCODE, and the reliable assignments of principle isoforms will enable us to better understand the genome-wide, rather than anecdotic, consequences of alternative splicing from a population perspective.
Results and discussion
Identification of coding variation and derived allele frequencies (Fig. S1 , ESI †).
The vast majority (89.9%) of the stop-gain SNP frequencies were less than 0.5%. A full list of stop-gain/loss SNPs can be found in Supplementary file 1 (ESI †). Stop-gain SNPs and frameshift indels are defined to be lossof-function (LoF) variations that have the potential to severely disrupt the function of protein-coding genes. 17 LoF variants are widely found in the genomes of healthy individuals. 17 They are largely found at low frequencies, possibly due to the effects of purifying selection. 18 Many recent studies have focused on this type of variation. 19, 20 In our dataset, the LoF variants were also found at extremely low population frequencies.
Density comparison of the variation in various frequencies in three isoform-specific categories
The coding regions of the multi-transcript protein coding genes were split into three distinct categories using APPRIS 11 and GENCODE annotation ( Fig. 1 ): PI-specific regions (principal isoform-specific coding regions), NPI-specific regions (non-principal isoform-specific coding regions), and overlapping regions (coding sequences that were shared by the principal and non-principal isoforms).
(The coordinates of each isoform-specific coding region are provided in Supplementary file 2, ESI †). Overlapping regions accounted for the majority (approximately 73.6%) of the total protein coding regions in the multi-transcript protein coding genes, whereas NPI-specific regions accounted for only approximately 4.9% of the total protein coding regions. Next, we mapped the coding variations onto the three isoform categories. We found that although the NPI-specific regions accounted for a small fraction of the total coding regions in the multi-transcript protein coding genes, over 11.3% of the stopgain/loss SNPs and 37.5% of the frameshift indels were located in NPI-specific regions. The ratio of the number of stop-gain/loss SNPs in NPI-specific regions to the total number of stop-gain/loss (over 11.3%) was significantly different from the ratio of the NPIspecific lengths vs. total genome length in the multi-transcript genes (Pearson's chi-square test, P = 5.0 Â 10 À4 for the stop-gain/ loss SNPs). The ratio of NPI-specific non-synonymous SNPs to the total number of non-synonymous SNPs (approximately 5.3%) Fig. 1 Schematic model for the classification of PI-specific, NPI-specific and overlapping regions. The diagram shows the classification schema for a principal isoform (coding regions are shown in dark blue) and three non-principal isoforms (coding regions are shown in Cambridge blue), including different types of alternative splicing. The blue background represents the coding region used solely by the principal isoform, the orange background represents the coding region used solely by the non-principal isoforms and the yellow background represents the coding region used by both the principal and non-principal isoforms.
was higher than the ratio of the NPI-specific lengths vs. total genome length as well (Fig. 2) . In summary, on the whole genome scale, missense (non-synonymous and stop-gain) SNPs and small frameshift insertions and deletions (indels) are more highly enriched in the NPI-specific coding regions relative to the PI-specific coding and overlapping regions, particularly for stop-gain SNPs.
To test the robustness of our results, we sampled a subset (5%) of the protein-coding genes with NPI-specific regions, and then randomised the genomic locations of the SNPs in the coding region of each gene. This process was repeated 1000 times for the stop-gain and non-synonymous datasets. Next, we compared the randomised ratio of the NPI-specific vs. the total SNPs to the observed ratio in the gene set. Out of 1000 randomised experiments, there were only two cases where the random ratio was greater than the observed ratio. This indicates that stop-gain SNPs tend to accumulate in NPI-specific regions. Although the difference was not as pronounced in the nonsynonymous dataset compared with the stop-gain dataset, the observed ratios were higher than the randomised values in more than 70% of the random experiments. In addition, as the sampled gene number increased, the number of observed ratios that were higher than the randomised ratio was also increased in the non-synonymous dataset. This indicates that although the pattern was not quite significant in the non-synonymous datasets of a few genes, at the whole-genome level, stop-gain and non-synonymous SNPs tended to be harboured in NPI-specific regions. Furthermore, non-synonymous variations have less impact on protein function than stop-gain SNPs. The effects of non-synonymous substitutions vary and include deleterious, benign, and adaptive effects. 21 This may explain the decrease of significance of the non-synonymous dataset.
In addition, we subdivided the SNPs into rare (o0.5%), low (0.5-5%), and common (45%) groups for each substitution dataset according to their derived allele frequencies (DAFs). By comparing the SNP numbers and their allele frequencies in these three distinct coding regions, we found that high-frequency stop-gain SNPs were more inclined to harbour in the NPI-specific regions than in the PI-specific and overlapping regions, i.e., approximately 31% of the low (0.5-5%) and 40% of the common (45%) stop-gain SNPs were located in NPI-specific regions (Fig. 3) . Similarly the proportion of non-synonymous SNPs was significantly higher in NPI-specific regions accompanied by an increase in allele frequency bins.
Coding consequence is one of the determinate factors of the strength of purifying selection against variation. 15 Stop-gain variants are expected to undergo stronger purifying selection than non-synonymous variants. 20, 22 Our results showed that on a whole-genome scale, amino acid changing mutations were preferentially located in NPI-specific regions over PI-specific regions or overlapping regions, particularly for high frequency SNPs. Previous studies have indicated that human alternatively spliced exons are subjected to relaxed selective pressure or positive selection. 23, 24 Furthermore, the minor alternatively spliced exons, which have low inclusion levels, showed an increased K a /K s ratio compared with the major alternatively spliced exons (with higher inclusion levels) and constitutive exons (where the exon is included in every EST). 23, 24 Similar to constitutive exons, overlapping regions are more sensitive to proteinchanging variants. Taking the enrichment of stop-gain SNPs in NPI-specific regions into consideration, our result seems to support the hypothesis that AS relaxes the selective pressure on NPI-specific regions over the hypothesis that AS has an effect on positive selection.
The derived allele frequencies of the NPI-specific SNPs were significantly higher than those of the PI-specific and overlapping SNPs
The 1000 genome data included a considerable proportion of low frequency variations. Low-frequency variations reflect not only recent explosive population growth but also include a considerable number of deleterious mutations that can be suppressed by negative selection. 25, 26 Previous studies have suggested that an enrichment of rare variations is correlated with the level of purifying selection. 15 If a specific genomic feature has a higher proportion of rare non-synonymous SNPs, it is likely to have more selective constraints on it. 15, 16 To estimate the selective constraints in different coding categories, we delineated the derived allele-frequency spectrum into rare, low, and common bins for each isoform category for all the substitution datasets (Fig. 4) . As Fig. 4 shows, the overlapping and PI-specific regions have a much higher fraction of rare stop-gain and non-synonymous SNPs than the NPI-specific regions. Overall, the derived allele frequencies of the SNPs in the NPI-specific regions were remarkably higher than those in Fig. 2 The proportion of PI-specific, NPI-specific, and overlapping variations associated with different types of substitutions in multi-transcript genes. The 'Length (bp)' bar represents the relative percentage of the genomic sequence length of each isoform category on a whole-genome scale. The other bars represent the relative number of variations in different isoform categories. The percentage ratios have been normalised to one hundred percent. The exact number of variations can be found in Table S3 (ESI †).
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Open Access Article. showed that the PI-specific and overlapping regions were more sensitive to mutations than the NPI-specific regions. In addition, we further compared the proportion of the rare non-synonymous SNPs in the protein coding genes that produce only one protein-coding transcript (one-to-one coding genes) to the isoform-specific non-synonymous SNPs. The enrichment of rare non-synonymous SNPs may reflect purifying selection on genomic features. 15, 16 The proportion of rare SNPs in the total non-synonymous SNPs of the one-to-one genes was between the proportions of the PI-specific and NPI-specific SNPs (S2, ESI †). Intuitively, functional requirements may point to another possible explanation for the increased frequencies of NPI-specific stop-gain SNPs. Alternative splicing has been proposed as a mechanism for regulating expression levels. 27, 28 A transcript that contains a stop-gain SNP may trigger the nonsense-mediated mRNA decay (NMD-decay) pathway, an important surveillance mechanism to prevent the potential toxicity of a truncated protein by degrading the aberrant protein, by introducing a premature termination codon (PTC). 29 Previous studies have suggested that alternative splicing has the potential to couple the NMD pathway to expression levels by including or excluding PTC-containing exons. 27, 28 To assess the ability of the stop-gain SNPs in the NPI-specific regions to trigger NMD pathways, we compared the NMD-targeting actions of the PI-specific and NPI-specific stop-gain SNPs. If NPIspecific stop-gain SNPs are targeted for NMD, they would be more likely to trigger the NMD pathway than the PI-specific stop-gain SNPs. According to the 50-55-nucleotide rule, a stop-gain SNP has the potential to trigger NMD if the position of the mutation is greater than 50-55 bp beyond the last exon-intron boundary. 30 However, in our dataset, there was no evidence for this NMD requirement for the NPI-specific SNPs (Table S1 , ESI †). In contrast, the PI-specific stop-gain SNPs had a greater proportion of NMD positive SNPs than the NPI-specific stop-gain SNPs (Table S1 , ESI †). Taken together, these results suggest that higher population frequencies of stop-gain SNPs in NPI-specific regions are most likely due to weaker purifying selection. A study showed a reduced negative selection pressure against PTCs that potentially targeted NMD by AS. 31 However, nonsense-mediated decay transcripts were filtered out of our dataset during SNP mapping, and only proteincoding transcripts were retained. However, non-principal transcripts, even if they were annotated as full-length protein coding transcripts, still showed an increased tolerance for stop-gain SNPs compared with principal isoforms. The significant increase in the population frequency of NPI-specific protein-changing SNPs suggests that NPI-specific regions might undergo weaker purifying selection than PI-specific and overlapping regions.
Fewer phenotypic associations related with NPI-specific SNPs
To further validate the functional consequences of the variations in the NPI-specific, PI-specific and overlapping regions, we intersected the coding SNPs using the ClinVar database (Table 1) , an evidence-based, easily accessible resource of human variations that contribute to disease or phenotypic changes. After comparing the occurrence ratios of the SNPs in the different coding regions, we found that SNPs in NPI-specific regions were less likely to have phenotypic consequences or cause observed health status changes than those in the overlapping and PI-specific regions. Among the distinct 468 stop-gain SNPs in the NPI-specific regions, only 4 SNPs had phenotypic association records in the ClinVar database (rs76826147 in ENST00000400191, rs142934950 in ENST00000389169, rs104894715 in ENST00000324001, and rs142516141 in ENST00000450719 and ENST00000561003). This indicates, on average, that 1/117 stop-gain SNPs were found to be related to a disease or a phenotype in the NPI-specific SNPs, compared with a ratio of 1/41.7 in the PI-specific SNPs (Fisher's exact test, P-value = 0.058). The difference was also very significant in the non-synonymous dataset, which had 1/311.5 NPI-specific SNPs recorded in the ClinVar database; however, this ratio was 1/100.9 in the PI-specific SNPs (Fisher's exact test, P-value o 2.2 Â 10
À16
). In addition, none of the 34 distinct stop-loss SNPs had phenotypic records in the ClinVar database. We further checked the genomic locations of all the single nucleotide variation records in the ClinVar 32 database using an identical approach (Table 2) , and the ClinVar mutations were also more frequently present in the overlapping and PI-specific regions. We must note that, in certain cases, the NPI-specific SNPs may still contribute to the phenotypic changes. For example, for the pathogenic variant rs104894715 as listed above, it is inside the transcript ENST00000324001 that encodes the larger protein isoform (L-periaxin) of the periaxin (PRX) gene. Interestingly, in APPRIS, this protein isoform is annotated as non-principal and the other isoform is principal which encodes S-periaxin. 
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Many studies show that mutations in this gene causes CharcotMarie-Tooth neuoropathy or Dejerine-Sottas neuropathy. 33 Both periaxins are thought to be essential for the formation and maintenance of peripheral nerve myelin and are differentially targeted in Schwann cells. In addition, L-periaxin is localized to the plasma membrane and S-periaxin is expressed in the cytoplasm. 34 Our results show that although NPI-specific regions were enriched in stop-gain and non-synonymous SNPs, the mutations in NPIs were less likely to be related to phenotypic changes. A recent study demonstrated that cancer-associated mutations are more likely to be located in structured regions than in disordered segments. 35 This result is supported by our analysis at the isoform level: disease-associated variation showed a preference for PI-specific and overlapping regions.
Discussion
In this study, we analysed the distribution of human variation in different frequency classes among multiple coding transcripts in the same gene on a genome-wide scale. Our results showed that genetic variations are distributed unevenly across different coding isoforms. Amino-acid changing SNPs and frameshift indels are enriched in NPI-specific regions, particularly in high frequency regions. Stop-gain SNPs and frameshift indels are some of the largest groups of LoF variants. 17 Although studies have shown that a few stop-gain mutations might be beneficial for local adaptations or environmental changes, 36,37 a large number of LoF variants are regarded to be deleterious and may reduce fitness. 22 Approximately one-third of inherited genetic disorders as well as certain cancers result from premature termination codons. 38 However, the human genome shows robustness with respect to these mutations. It has been estimated that a healthy individual's genome carries approximately 100 LoF variants. 17, 39 In addition, the human population has an abundance of non-synonymous SNPs, with the majority of them having not observed a functional consequence. 15, 21 After isolating the stop-gain SNPs from the missense dataset, the population variations were found to clearly display a non-uniform distribution of the isoforms across the allele frequency bins and substitution types. Using a specific example, a study showed that a premature termination codon mutation in the ZSCAN9 gene affected just one isoform of eight transcripts, and the main isoform was not affected by the PTC mutation. 9 Our dataset demonstrates that this phenomenon is common in the human genome. In addition, we performed a Gene Ontology (GO) 40 enrichment analysis on two types of genes:
(i) stop-gain SNPs that were solely present in principal isoforms and (ii) stop-gain SNPs that were solely present in non-principal isoforms. The GO analysis revealed that the gene set of the stopgain SNPs solely present in the PIs was functionally enriched for the sensory perception of chemical stimuli and olfactory receptor activity genes (Fig. 5a ), which is in agreement with a previous study of LoF-containing genes. 41, 42 However, the gene set of the stop-gain SNPs solely present in the NPIs was enriched for purine nucleoside diphosphate metabolic processes and oxidoreductase activity on NAD(P)H (Fig. 5b) . Besides, we also performed the GO enrichment analysis on the genes that contain non-synonymous SNPs in the PI-specific regions and the NPI-specific regions, separately (Fig. S3, ESI †) . The enrichment results of the non-synonymous SNPs are similar to those of the stop-gain variations in the PI-specific gene set ( Fig. 5a and Fig. S3a, ESI †) . Interestingly, except for the olfactory receptors, which are well-known for their high tolerance of loss function mutations (Fig. 5a) , our results also suggest that the genes that encode intermediate filaments have similar effects from the stop-gain and non-synonymous SNPs (Fig. 5a and Fig. S3a, ESI †) . We speculated that this might have occurred due to the functional redundancy of the intermediate filament genes, because there are more than 70 members within this gene family in the human genome. 43, 44 Different transcript isoforms may have different tolerances for stop-gain mutations. This suggests that when analysing genes containing mutations, an affected isoform should be considered more carefully than a proteincoding variant that resides in a minor coding transcript, which might have only a limited impact on the phenotype. Furthermore, because the 1000 Genomes Project used an exome sequencing strategy, we considered the possibility of a detection bias towards overlapping and PI-specific regions. First, the target region of whole exome sequencing in the 1000 Genome Project includes the Consensus Coding Sequence (CCDS) 45 regions and an extension of 50 bp on both sides; our analysis contains only full-length protein-coding transcripts, thus our analysed coding regions were highly overlapped with exome target regions. Second, the SNPs sampling was completed independent of substitution types, whereas the variation pattern represents significant changes among substitution types. Therefore, we believe that the observed pattern is unlikely to be affected by sampling bias. In summary, our analyses delineate an uneven distribution of genetic variation in human coding genes. Previous results showed that human alternatively spliced exons might be subjected to a relaxed selective pressure or positive selection. 23, 24 In this study, by isolating stop-gain SNPs via missense substitution, we obtained results further supporting the relaxation of negative selective pressure on alternative coding regions by AS. We also found an increased frequency and the number of NPIspecific stop-gain SNPs, suggesting that the number of functional alternatively spliced proteins may be smaller than that thought previously. Finally, genetic variation, as a rapid-growing data source, has the potential to supply independent evidence for evaluating the functional probabilities of splicing isoforms.
Material and methods

Data sources of population variation and gene annotation
The human variation data were downloaded from the 1000 Genomes Project web site ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20110521 (Phase I, April 30th, 2012 Version 3 amendments release). Both lowcoverage and exome data from autosomes and the X-chromosome were included in the dataset. The derived allele frequencies were determined by comparing ancestral states to reference and alternative alleles. For the 1KG project, the frequency of an allele is defined as the frequency of the alternative allele against the reference genome. Thus, if the ancestral allele is in concert with the reference one, the derived allele frequency (DAF) will then be the same as the alternative one; otherwise, it is equal to one minus the alternative frequency. The ancestral allele states were retrieved from VCF files that were originally identified via a 6-way EPO alignment. 46 The gene and transcript annotations were based on GENCODE release 15 (Ensembl70).
14 We retained protein-coding genes with at least one full-length protein-coding transcript for analyses. The term 'full-length protein-coding transcript' indicates that the start and the end of the coding region were both confirmed. Our multitranscript gene set comprises 13 625 protein-coding genes, and our one-to-one gene set comprises 6500 protein-coding genes. The variation and genome annotation data sets were based on NCBI's human reference genome build 37 (GRCh37).
Identification of coding variation
Due to the large number of variation records, we built a local database to easily store and query the variation data, and developed a Perl over DBI pipeline to link variation records and genome annotations using genomic coordinates. After this step, the variations were mapped to coding transcripts and gene parents. Only full-length protein-coding transcripts were kept for mapping the coding variations. All the coding SNPs were classified into nonsynonymous, synonymous and stop-gain/loss types according to the amino acid changes introduced by alternative alleles. In total, 206 221 synonymous and 295 997 non-synonymous SNPs were obtained, and 199 417 synonymous and 285 142 non-synonymous SNPs were associated with their ancestral states to infer their derived allele frequencies. The stop-gain/loss SNPs were divided into stop-gain and stop-loss SNPs by examining their ancestral states. In addition, 941 frameshift indels were identified using the same pipeline via the addition of information regarding indel length and exon boundaries.
Classification of the PI-specific, NPI-specific, and overlapping regions and variation
The annotations of the principal isoforms were downloaded from the APPRIS web site, Gencode15 release (http://appris. bioinfo.cnio.es). The principal isoforms were assigned in accordance with APPRIS annotations. For those genes without a clear 
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principal isoform prediction, we used their longest candidates according to APPRIS. In addition, we kept only full-length protein-coding transcripts as NPI candidates. The CDS region of each gene was classified into PI-specific, NPI-specific and overlapping regions. For each gene, the nonsynonymous, synonymous, stop-gain SNPs and indels were mapped to these three coding categories.
Randomised experiments
We sampled a subset of the protein-coding genes with NPIspecific regions for each iteration. We then randomly relocated the genomic coordinate of the SNPs in the coding regions of each gene in the stop-gain and non-synonymous datasets separately. For each amino acid substitution category, the ratio of the number of NPI-specific stop-gain SNPs to the total number of stop-gain SNPs in the sampled gene set helped us to determine the extent to which the SNPs were found to be concentrated in the NPI-specific regions for each amino acid substitution category. This process was performed 1000 times for each gene subset. We found that for sampled gene numbers ranging from 5% to 30% of the total gene pool using a 5% step size, as the number of sampled genes increased, the number of random ratios smaller than the observed ratios increased as well (Table S2 , ESI †).
Statistical analysis
The significant differences in the SNP numbers of different coding regions were calculated using a chi-square test for given probabilities with simulated p-values (based on 2000 replicates), the given probabilities assigned to be the percentage of each isoform category length (e.g., PI-specific region length vs. total coding length) for multi-transcript genes. We used Fisher's exact test for comparing the clinical records of the coding region SNPs. The derived allele-frequencies of the PI-specific and NPI-specific SNPs were compared with the Mann-Whitney U-test. All of the statistical tests were implemented in R (http://www.r-project.org/).
The clinically relevant variation (ClinVar) resource
To link genotypes to phenotypes, we used ClinVar (ftp://ftp.ncbi.nih. gov/pub/clinvar/; released 20131230), 32 a public and easily accessible resource of the relationships between human genetic variation and phenotypic changes based on supporting evidence. These variations are assumed to be functionally relevant. ClinVar currently contains 46 094 reports collected from OMIM, GeneReviews, dbSNP, etc.
(unreviewed GWAS data were not included). Using ClinVar's VCF format, we were able to easily compare the 1KG SNPs to ClinVar reports based on genomic locations and dbSNPs 47 IDs.
GO analyses
The GO analyses were performed using ClueGO (v1.7.1), 48 which is a Cytoscape (2.8.3) 49 plug-in for gene ontology annotation.
ClueGO can be used to easily combine several functionally related GO terms into groups and visualise them. The groups are represented by the terms with the highest significance. We used an adjusted P-value of 0.01 (Benjamini and Hochberg correction 50 ) as a threshold to identify significant GO terms.
